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Harnessing Synergies between Combinatorial Microfluidics

and Machine Learning for Chemistry, Biology, and Fluidic

Design

Suyash S. Damir, Julie Probst, Andrew deMello,* and Stavros Stavrakis*

Combinatorial microfluidic systems (CMFs), including droplet-
based platforms, concentration gradient generators, and valve-
based architectures, enable systematic and high-throughput
exploration of complex experimental spaces. These platforms
generate large, multidimensional datasets at speeds and scales
beyond the capacity of conventional methods. Machine learning
(ML) represents a powerful way of analyzing these datasets,
uncovering hidden patterns, and guiding experiments through
real-time, adaptive control. This review explores the synergistic
interaction between CMFs and ML, driving the development of
intelligent platforms for chemical synthesis and reaction optimi-
zation, biological assays, and microfluidic device design.

1. The Marriage of Combinatorial Microfluidics
and Machine Learning

Since its advent in the 1980s, microfluidics has revolutionized
chemical and biological experimentation by enabling precise
control of fluids on the microscale. This has been driven by
the unique capabilities of microfluidic systems when handling
small assay volumes. Such capabilities include the creation and
homogenization of solute and temperature gradients on ultra-
short timescales, and the ease with which complex, multi-step
processes can be performed in an integrated fashion. Such fea-
tures have enabled significant advancements across diverse fields
including drug discovery,”® cellular analyses, DNA and RNA
sequencing,” organ-on-a-chip technologies,® point-of-care
diagnostics,”’ (bio)material synthesis,”® microreactors,” chemis-
try,"'® and reaction optimization.'"

Microfluidic technologies offer the experimentalist a range of
capabilities that are challenging to recapitulate on the large scale.
These include precise fluid manipulations, such as mixing,
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Emphasis is placed on closed-loop platforms where ML actively
informs experimental decisions, improving speed, precision, and
reproducibility. We discuss key challenges to broader adoption,
including the limited scalability of microfluidic hardware, the
need for standardized, high-quality datasets, and the interpret-
ability of complex ML models. Finally, the importance of interdis-
ciplinary collaboration among engineers, biologists, chemists,
and data scientists is highlighted, alongside the development
of modular design tools, curated data resources, and explainable
artificial intelligence (Al). Together, these efforts are essential to
realizing autonomous, ML-driven CMF platforms capable of trans-
forming healthcare, chemical research, and industrial innovation.

metering, dilution, incubation, splitting, and separation. When
replicated and implemented in parallel, these operations enable
multiplexed workflows with high analytical throughput, offering a
fluidic analog to semiconductor scaling through microfluidic
large-scale integration (mLSI).">"3 Within this rich landscape of
scalable fluid control, combinatorial microfluidics has emerged
as a powerful approach. For screening and optimization pur-
poses, the term “combinatorial” has traditionally been used to
describe mixing of reagents in different proportions.'# ¢
Herein, we adopt a broader definition. Specifically, a combinato-
rial microfluidic system (CMF) is defined as any microfluidic work-
flow designed to systematically explore high-dimensional
experimental spaces, by generating and analyzing a wide range
of combinations derived from different experimental conditions.
In this sense, CMFs encompass three core architectures: droplet-
based microfluidics, concentration gradient generators, and
valve-based systems (Figure 1). These platforms allow for the
rapid generation of large, high-quality datasets, accessing
throughputs and scalability that far surpass those of conventional
bench-top methods. The key strength of CMFs lies in their capac-
ity to integrate units that can act as concentrators or dilutors,l'7 2%
perform combinatorial mixing,?' 2% and compartmentalize mate-
rial within a partition.”’~2% These fluidic functions can be auto-
mated using various active or passive strategies, such as
surface tension driven pumping,*® microfluidic latches,™ and
microelectromechanical valves.®" Unsurprisingly, CMFs are
widely used in applications such as clinical diagnostics® and bio-
marker discovery,®* drug screening,® single-cell analysis,** bio-
logical synthesis,*® and material synthesis.®*!

The automation of CMFs has significantly increased our
capacity to generate large, multidimensional datasets by
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Figure 1. Closed-loop optimization strategy harnessing synergies between CMFs and ML promotes development of intelligent microfluidic workflows.

Q: flow rate, C: concentration, T: temperature, P: pressure.

enabling high-throughput and reproducible experimentation
across many conditions. However, the downstream processing
of this data remains a significant bottleneck. Traditional statistical
approaches often rely on a priori assumptions, such as fixed error
distributions or predefined probabilistic models, and frequently
depend on human intervention and intuition—all of which
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can introduce bias and reduce reproducibility. A good example
in this regard is the heavy reliance on p-values whose computa-
tion requires subjective choices by the experimenter and whose
interpretation can vary significantly across datasets.”® Further, as
data volume grows, manual inspection or classification of large-
scale datasets such as droplet images or multivariate assay results
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becomes increasingly impractical. Altogether, conventional data
processing approaches are generally slow and computationally
inefficient and fail to capture the full complexity of the datasets
produced from combinatorial experiments.?3%

The advent of machine learning (ML) has fundamentally
shifted the paradigm of data processing and analysis.*
Moving away from traditional inference-driven statistical meth-
ods, ML emphasizes data-driven learning to uncover patterns
and make predictions with minimal assumptions about the
underlying data-generating processes. Advancements in the
semiconductor industry, marked by continuous reductions in
the size and cost of electronic components, have substantially
boosted computing power. This progress has enabled the wide-
spread adoption of graphics processing units (GPUs), which allow
highly parallelized computation that is well-suited for training
complex ML models on large datasets. Combined with the scal-
ability and accessibility of cloud computing, such developments
have made it possible to perform computationally demanding
tasks with unprecedented efficiency. As a result, neural net-
works™? and other ML architectures can now tackle complex
challenges, such as image recognition®" and natural language
processing,*? delivering speed and accuracy far beyond what
was previously possible. Through its ability to identify predictive
patterns in complex datasets, machine learning has found signif-
icant utility in the chemical and biological sciences for a range of
applications, from predicting the activity of potential drug candi-
dates™ and planning chemical synthesis experiments™¥ to pre-
dicting protein structure™ and identifying biomarkers.“®

Currently, most ML-assisted microfluidic workflows have pri-
marily employed ML for postexperiment data analysis, aiding in
the extraction of insights and optimization of experimental con-
ditions."”! While this approach helps address the limitations of
traditional data handling, ML’s key strength lies in its ability to
uncover latent correlations and features. ML offers a dynamic,
adaptive framework that not only assesses system performance
in real-time but also iteratively refines its predictions to improve
experimental outcomes. When integrated into microfluidic plat-
forms, ML can handle the volume, variety, and velocity of “big
data” generated during experiments, enabling real-time
decision-making and programmability.”*® This in turn reduces
the reliance on manual intervention and enables systems to
update strategy based on current performance and evolve auton-
omously, albeit within constraints set by the researcher.

Advances in computer-aided hardware design and microfab-
rication techniques have markedly reduced the characteristic
dimensions of CMFs, enabling hundreds of assays to be con-
ducted in parallel on a single device. For instance, Standard
BioTools Inc.'s 96 x 96 dynamic array integrates more than
25,000 valves on a single integrated chip to perform up to
9216 polymerase chain reactions (PCR) simultaneously—
generating over 20 times the data of a 384-well plate.”*
Concurrently, advancements in machine learning have advanced
apace. A striking example is DeepMind'’s AlphaFold, which pro-
gressed from predicting high-confidence structures for 350,000
protein sequences to generating structural predictions for nearly
the entire UniProt database (=200 million entries), with an accu-
racy comparable to experimental methods, such as X-ray
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crystallography and cryo-electron microscopy.®®>? Naturally,

the marriage of CMFs and ML is expected to pave the way for
autonomous, self-driving laboratories that can analyze, interpret,
and optimize complex experimental workflows with minimal
human intervention. This synergy has the potential to accelerate
experimental cycles and enable high-throughput, data-rich
chemical and biological research.”*

Despite significant growth in utilizing both microfluidic tech-
nologies and ML for chemical and biological applications,
research studies explicitly focused on their synergy remain rare.
A literature survey based on selective keywords covering both
fields (in Web of Science repository) shows that less than 1%
of microfluidics publications since the early 2000s address this
synergy (Figure 2, S2, Supporting information). This gap is partly
due to the slow evolution of early ML models, which were initially
limited to basic pattern recognition and regression tasks and
lacked the capacity to handle high-dimensional unstructured
datasets. It was not until the early 2000s, with the maturation
of neural networks, that ML began to transition from knowledge-
driven (rule-based) models to data-driven approaches.>*>"
Subsequently, the rise of deep learning in the 2010s enabled
ML to process complex multidimensional datasets and make adap-
tive predictions, stimulating a growing number of studies exploit-
ing synergies between CMFs and ML across a variety of domains.
Today, this synergy is leveraged in diverse applications, including
nanomaterial synthesis,*®** microfluidic chip design,™ droplet
classification and analysis,’*"? organoids characterization,® neu-
rotoxicity evaluation of drugs,® and directed evolution.®

The primary aim of this review is to discuss how a seamless
integration of CMFs and ML is driving the development of pro-
grammable, high-throughput experimentation in chemical and
biological research, achieving multiplicative, rather than incre-
mental gains. While previous reviews have discussed the use
of “intelligent microfluidics’ in the context of biosensors,*® bio-
technology,®” design optimization,®® biocatalysis,'* material
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Figure 2. Annual publication trends showing the rapid growth of “micro-
fluidics” research (left axis) and the comparatively small but increasing sub-
set of microfluidics publications involving ML (right axis). As of 2024,
combined “ML and microfluidics” publications account for less than 1% of
all “microfluidics” literature (see donut chart inset). Refer to supporting
information for keywords and data.
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synthesis,®’® and organ-on-chip technologies,™” this article
takes a different approach. Herein, we focus our discussion
on studies that leverage synergies between CMFs and ML to
build autonomous systems requiring minimal manual interven-
tion. Rather than treating ML as a passive, postexperimental
analysis tool, the emphasis here is on closed-loop systems where
ML algorithms direct, optimize, and adapt experiments on-the-
fly, thus transforming the experimental workflow. Following a
brief overview of the core architectures of CMFs and an intro-
duction to commonly used ML algorithms, we explore how their
synergy is advancing three major domains: material synthesis
and reaction optimization, biological applications, and microflui-
dic system design. Finally, we discuss the key challenges
involved in developing such integrated platforms and propose
solutions, ranging from improved hardware-software integra-
tion to interdisciplinary collaboration across engineering, biol-
ogy, chemistry, and data sciences, that are essential for
transitioning these technologies from laboratory prototypes
to real-world, deployable systems.

2. Combinatorial Microfluidics
2.1. Droplet-Based Microfluidics

Droplet-based microfluidic systems allow for the rapid and pre-
cise generation of submicroliter droplets at kilohertz frequencies.
Importantly, their submillisecond mixing capabilities, along with
efficient heat and mass transfer, and the exquisite control over
reagent payloads make them particularly well suited for exploring
vast sets of distinct reaction conditions in a high-throughput
manner.”" A representative example in this regard is a combina-
torial sample preparation platform developed by Samimi and co-
workers.”? This system is capable of generating droplets with
bespoke reagent compositions, performing on-demand mixing
of up to eight reagent plugs into a single, homogeneous sample
plug. This plug is then emulsified into picoliter droplets. Optical
barcoding of droplets is achieved by delivering different dye
combinations into each droplet, creating a coding space of up
to 169 unique barcodes, each representing a distinct experimen-
tal composition. The authors validated the platform by construct-
ing a 25-condition library for antibiotic susceptibility testing of
E. coli, successfully identifying minimum inhibitory concentra-
tions (MICs) across multiple antibiotics and concentration gra-
dients in a single experiment. Building on this concept, Cao
et al. combined a programmable formulator, capable of generat-
ing custom reagent-substrate combinations, with a T-junction
droplet generator.”®! Here, droplets were generated in pairs,
one containing a specific reagent concentration and the other
an enzyme introduced via a secondary inlet. Subsequent sequen-
tial droplet merging allowed the testing of up to 32 different con-
ditions per experiment run.

As another example, Bawazer and coworkers investigated
over 100 combinations of oils and surfactants against an aqueous
titanium salt solution to find conditions that yielded droplets with
enhanced stability (Figure 3a).** The experimental setup utilized
a commercial vacuum manifold connected to 24 parallel
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polydimethylsiloxane (PDMS) droplet generators, enabling
high-throughput screening. To efficiently navigate the vast
parameter space, the team employed a genetic algorithm. The
algorithm served as a computational optimization method that
iteratively refined solutions based on performance metrics.
This approach resulted in a 10-fold increase in screening through-
put compared to conventional methods.”*”* The authors vali-
dated their approach by demonstrating improved droplet
stability during protein expression and analysis, underscoring
the practical value of the screening strategy for generating stable
droplets in biological assays. It should also be noted that these
findings are broadly applicable to various microfluidic applica-
tions ranging from DNA amplification”® and single-cell analy-
sis””! to polymerization”® and catalysis.””

2.2. Gradient Generation

Biological systems are inherently dynamic, with cellular responses
often modulated by gradients in the extracellular environment
through intricate signaling pathways. Over the years, many tech-
nologies have been developed to generate concentration gra-
dients, particularly for in vitro studies of cellular behavior.B%8"
CMFs allow precise and stable concentration gradient generation
of multiple reagents in parallel, owing to their superior spatial and
temporal control. This capability has been critical in numerous
applications, including the investigation of cellular responses
to varying drug concentrations,?” the analysis of enzyme kinet-
ics,® the assessment of toxicity,’®*#*! and the study of cancer cell
chemotaxis.®

A number of recent studies highlight the versatility of micro-
fluidic gradient generation. In one study, Nguyen and coworkers
reported a ladder-shaped microfluidic system for rapid antibiotic
susceptibility testing (Figure 3b).®® The system employed a pas-
sive dilution strategy to achieve two-fold serial dilutions at each
loop, accommodating clinically relevant antibiotic combinations.
The method demonstrated over 90% agreement with standard
methods when determining the MIC of bacteria isolated from uri-
nary tract infections. Beyond liquid-phase gradients, microfluidic
systems also support the development of gaseous gradients,
enabling the rapid and tunable delivery of oxygen to cells. In
one such study, Chang et al. developed a PDMS-polycarbonate
(PC) hybrid microfluidic platform capable of simultaneously gen-
erating orthogonal chemical and oxygen gradients for cell culture
studies.®” This device consists of two PDMS layers, the top layer
consisting of spatially confined chemical reactions to generate O,
gradients and the bottom layer to generate chemical (drug) con-
centration gradients. These layers are separated by a thin PC film
embedded into the top PDMS layer to reduce O, diffusion to the
atmosphere. For showcase utility, the authors exposed A549 lung
carcinoma cells to gradients of tirapazamine (TPZ), a hypoxia-
activated prodrug, and systematically evaluated cell viability
across zones of varying drug concentration and oxygen tension.
Results revealed that TPZ cytotoxicity was significantly enhanced
under hypoxic conditions highlighting both the accuracy of gra-
dient generation and the platform’s utility in mimicking complex
tumor microenvironments.
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Figure 3. Combinatorial microfluidic strategies. a) Droplet-based microfluidics—schematic of 24 parallel PDMS droplet-generators interfaced with a
96-well plate. The setup is mounted on a vacuum manifold to motivate the flow of oil and aqueous inlets through fluidic channels, reproduced with
permission.?*! Copyright 2016, American Association for the Advancement of Science’s (AAAS). b) Gradient generation—on top, schematic of a ladder
microfluidic system integrating an on-chip water bath, and below, protocol for platform operation. Reproduced with permission.®® Copyright 2023,
Springer Nature. c) Valve-based architectures—schematic overview of the k-MITOMI platform. Blue and gray lines represent flow and control channel,
BF1 to BF4 are four button valves. Right section of the panel depicts a typical k-MITOMI unit cell. Reproduced with permission.”>! Copyright 2012,

National Academy of Sciences.

To further increase the gradient dimensionality, Li et al. used a
SlipChip®® platform to create a triple-gradient matrix (three
chemicals on a single device) enabling high-throughput protein
crystallization studies.® This 3D matrix allows the screening of
over 100 multiparametric conditions in a single experiment, offer-
ing cost effectiveness and significantly high screening efficiency
compared to existing double-gradient generating platforms.
Similarly, in the direction of advancing combinatorial screening
capabilities, Toh et al. developed the 3D HepaTox Chip, a micro-
fluidic platform designed for in vitro drug hepatoxicity studies.*”
The device integrates a linear concentration gradient generator
with a multiplexed cell culture module consisting of eight parallel
microchannels, each delivering a distinct drug concentration to a
dedicated 3D primary hepatocyte culture. This architecture
enabled a simultaneous, dose-dependent administration of mul-
tiple drugs to functional hepatocytes within a single experiment.
The platform preserved hepatocyte function by maintaining a
physiologically relevant 3D microenvironment, while streamlin-
ing high-throughput hepatotoxicity screening, bridging the
gap between conventional well-plate assays and in vivo drug
response prediction.
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2.3. Valve-Based Architectures

Isolating samples or reactions inside discrete microenvironments
is a core feature of microfluidic technologies. This allows precise,
high-resolution measurements at the single-cell or single-
molecule level; capabilities that traditional bulk methods lack,
since they provide only averaged population responses.”" In
valve-based microfluidic systems, cells or molecules are compart-
mentalized in micro- to nanoliter wells, chambers, or droplets,
facilitating individual analysis and supporting high-throughput,
multiplexed experimentation.

Recent developments in multiplexed valve-based architec-
tures have significantly improved the efficiency of cell trapping
and single-cell analysis. In a notable example, Maerkl et al. devel-
oped MITOMI (Mechanically Induced Trapping of Molecular
Interactions), a high-throughput combinatorial platform designed
to quantify transient and low-affinity DNA-binding interactions of
transcription factors.”® The device, featured 2400 independent
unit cells regulated by 7233 valves, enabling the mapping of
DNA-binding landscapes of four eukaryotic cells to basic helix-
loop-helix transcription factors (TFs). Specifically, it quantified
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absolute binding affinities across thousands of permutations
involving 464 unique DNA sequences. By capturing weak and
transient molecular interactions with high precision, MITOMI
overcomes limitations associated with conventional semi-
quantitative protein-DNA microarrays®®>®®* and other methods
such as surface plasmon resonance, with the latter being typically
constrained by low-throughput.®¥ Building on this, Geertz et al.
introduced k-MITOMI, an adaptation for kinetic measurements
that enabled parallel quantification of hundreds of biomolecular
association and dissociation rates on a single chip (Figure 3c).”*

In 2014, Fluidigm released the C1 integrated fluidic circuit
AutoPrep system, a fully automated microfluidic platform
designed for high-throughput single-cell analysis. This system
enables efficient isolation, processing, and analysis of up to 96
individual cells in parallel, streamlining workflows for cell capture,
lysis, and nucleic acid preparation. Inspired by this platform, sev-
eral studies adopted similar microfluidic strategies for both tar-
geted and whole-genome analysis in single cells.*=® For
example, Yang et al. developed a microfluidic devices containing
parallel amplification units and integrated microvalves to trap,
lyse, and amplify genomic DNA from individual cells.” This sys-
tem trapped individual tumor cells employing microvalves in
eight parallel amplification units, where each cell was subse-
quently lysed and its genomic DNA amplified. This approach
achieved over a 1,000-fold amplification from a single cell while
significantly reducing reagent usage and operational costs by up
to three orders of magnitude compared to traditional pipetting
and microtube methods.

Valve-based platforms are also particularly advantageous for
combinatorial synthesis, owing to their ability to rapidly generate
and screen large libraries. For example, Eduati et al. developed a
multiplexed microfluidic platform incorporating Braille valves to
screen drug combinations directly on pancreatic cancer patient
biopsies.? Sixteen syringes were used to deliver reagents into
the device, while Braille pins enabled rapid switching of fluid
streams to generate combinatorial plugs at high throughput.
This setup allowed screening of over 1200 data points (fluores-
cence measurements with multiple replicates) per biopsy, offer-
ing a solution when only small quantities of patient cells are
available.

3. Machine Learning
3.1. Common Machine Learning Models in Microfluidics

In basic terms, machine learning refers to algorithms that enable
computers to learn from data, uncover patterns, and make pre-
dictions or optimize outcomes based on defined performance
metrics. A machine learning model is the outcome of training
an algorithm on a dataset; it captures the relationship between
variables that the algorithm has learned from the data. ML train-
ing can be classified into three primary subtypes: supervised
learning, unsupervised learning, and reinforcement learning
(RL). In supervised learning, the model is trained on labeled data,
where each input is paired with a known output, allowing the
algorithm to learn the mapping between them. This can take

Chemistry—Methods 2025, 00, €202500069 (6 of 22)

the form of classification, where the goal is to assign inputs to
discrete categories (e.g., distinguishing between two cell types),
or regression, where the model predicts continuous numerical
values. Unsupervised learning involves training on unlabeled
data, where the algorithm autonomously identifies underlying
structures, groupings, or patterns without predefined outcomes.
RL, inspired by behavioral psychology, trains an agent to make
decisions through trial and error, receiving rewards or penalties
based on its actions. By integrating supervised learning with
dynamic programming, RL focuses on optimizing decision-
making over time, minimizing or maximizing long-term rewards
rather than simply predicting static outcomes.

Figure 4 illustrates the most common ML algorithms that
have been used in conjugation with microfluidic systems. A deci-
sion tree algorithm is a type of supervised learning algorithm and
can be used for both classification and regression problems. It
structures decisions hierarchically: internal nodes represent fea-
tures, branches denote decision rules, and leaf nodes indicate
outputs. A random forest algorithm extends this approach by
combining multiple decision trees, each generating independent
predictions, with the final output determined by majority vote.
Another supervised learning method, Naive Bayes, is based on
Bayes’ theorem and assumes feature independence within a
dataset. Despite this simplification, it allows for effective handling
of complex problems, even with limited or mislabeled data,
reducing the need for large datasets.

Artificial neural networks (ANNs) are computational models
inspired by biological neurons, consisting of interconnected arti-
ficial neurons organized into input, hidden, and output layers.
Each connection between neurons carries a weight that is opti-
mized during training to improve predictions. Deep learning
refers to ANNs with many hidden layers (also referred as deep
neural networks, DNNs), which can learn increasingly abstract fea-
tures from raw data, such as images. This depth allows DNNs to
detect subtle patterns that shallower models often miss, making
them particularly effective for high-dimensional tasks."°” A spe-
cialized class of DNNs, convolutional neural networks (CNNs),
excel in image recognition and classification, which are particu-
larly relevant to microfluidic applications. They process data
through sequential layers, input, convolution, pooling, flattening,
and fully connected, automatically extracting hierarchical fea-
tures without manual selection. This method enhances visual rec-
ognition accuracy while reducing human bias. CNNs are
particularly powerful in detecting subtle morphological variations
that may be overlooked by human analysis or conventional
image processing techniques. Given the wide range of microflui-
dic applications, spanning materials science, biology, and device
engineering, different ML models are better suited for different
tasks. Table 1 summarizes an overview of commonly used ML
models in microfluidics, highlighting their strengths, limitations,
and representative application areas.

The utility of ML models extends beyond offline image proc-
essing to real-time control in microfluidic systems. In closed-loop
configurations, CNNs can not only analyze droplet or cell images
but also trigger on-the-fly actuation events such as valve switch-
ing or sorting based on morphological features."®" Furthermore,
RL algorithms, inspired by hippocampal learning processes,%?
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can optimize control strategies in real-time, such as modulating
flow rates or reagent concentrations, through feedback-driven
reward systems.l'" Together, these models form the computa-
tional backbone of closed-loop optimization platforms, enabling
microfluidic systems to autonomously adapt to variation, opti-
mize outcomes, and improve operational robustness.

3.2. On the Importance of Data

The selection and development of accurate ML models depend
on both the quantity and quality of available data. In many appli-
cations, such as drug discovery or single-cell analysis, diverse,
high-quality datasets are often scarce. This is due in large part
to nonstandardized data acquisition protocols and inconsistent
experimental readouts (e.g., ICso, cell viability, and reaction yield),
leading to heterogeneous chemical and biological data-
bases.['%*1%] Sych datasets tend to be biased toward specific
interests, defined by the researcher’s objectives, resulting in
skewed predictions (e.g. calculated reaction yield > 100%)"°°
and a limited domain of applicability.

To address this data imbalance, automated, high-throughput
experimentation coupled with standardized protocols can
enhance reproducibility across different experiments."®” To this
end, large-scale experimental screening is particularly valuable, as
it includes both successful and failed outcomes enabling the gen-
eration of unbiased datasets. For instance, Lu et al. screened over
10,000 conditions for a photocatalytic [2 + 2] cycloaddition reac-
tion using a liquid-core waveguide microfluidic reactor.'%® Al
algorithms were employed to deconvolute nonsteady-state
absorbance signals from both reacted and unreacted mixtures,
generating vast amounts of high-quality data in a short time.

Chemistry—Methods 2025, 00, €202500069 (7 of 22)

Similarly, Granda et al. used an ML-guided robotic chemical han-
dling system to explore the reaction space of Suzuki-Miyaura
coupling.l'® They generated a dataset of 3456 reactions through
systematically varying reactants, ligands, bases, and solvents to
train a neural network for predicting reaction yields. By represent-
ing chemical inputs as binary vectors (denoting the presence or
absence of reactants), they sampled a chemical reaction space
without prior structural or reactivity knowledge, generating a suf-
ficiently diverse and exhaustive dataset for predictive modeling
of unexplored reaction combinations. Despite the time and
expertise required, meticulous data curation remains essential
for constructing standardized datasets that enable accurate ML
predictions and reliable interpretation. In this context, CMFs offer
a significant advantage by generating reproducible, multidimen-
sional, and broad datasets, making them well-suited for training
neural network-based classifiers and other ML models.

4, Synergies between Combinatorial
Microfluidics and Machine Learning

The growing analytical and predictive capabilities of ML pair
seamlessly with the capacity of CMFs to generate high-quality,
high-volume data. The pieces fit perfectly. However, leveraging
the full potential of both fields requires more than just simple
integration. While integration involves employing ML to assist
specific experimental or analytical steps, synergy enables a feed-
back loop where microfluidic experiments and ML decisions
complement each other (Figure 1). This approach results in
accelerated discovery of novel molecules and therapeutics, ena-
bles deeper exploration of complex reaction spaces, and
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streamlines multifaceted chemical and biological processes. In
the following section, we explore the impact of this synergy
across three key domains viz., material synthesis and reaction
optimization, biological applications, and enhanced microfluidic
design.

4.1. Material Synthesis and Reaction Optimization

Rational chemical synthesis of target molecules and nanoparticles
has evolved from a purely human-driven, knowledge-based pro-
cess to a sophisticated, data-driven approach, powered by collab-
oration between human expertise and machine intelligence. This
endeavor began with the pioneering LHASA project, which
sought to streamline organic synthesis through logic-based heu-
ristics.l''™ Over time, this approach has evolved into ML-guided,
high-throughput methods for data-driven material discovery, an
approach Pensak and Corey laid the groundwork for in the
19705112 Today, ML-driven platforms are revolutionizing
chemical synthesis, offering predictive insights and accelerating
the discovery process beyond traditional heuristic and rule-based
methods.

A key application of ML-guided CMFs is the precision synthe-
sis of inorganic nanoparticles (NPs) and metal halide quantum
dots (QDs). NP synthesis is a complex multistep chemical optimi-
zation problem, as properties such as morphology and optoelec-
tronic behavior are highly sensitive to variables such as reagent
concentration, solvent, ligands, temperature, and residence
time.""3 The key challenge lies in identifying optimal synthesis
conditions within a parameter space of continuous and discrete
variables. By enhancing experimental throughput and integrating
machine learning algorithms, this challenge can be addressed
from both hardware and software perspectives.!"'¥ Conven-
tional flask-based, trial-and-error approaches are often slow,
prone to batch-to-batch variability, and difficult to couple with
inline analysis and feedback algorithms. In contrast, microfluidic
reactors integrated with ML can rapidly and reproducibly explore
vast parameter spaces, enabling self-optimizing workflows that
converge on optimal synthesis conditions with far fewer experi-
ments. This has been beautifully exemplified by Bezinge and
coworkers who coupled the goal-seeking algorithm MARIA
(Multiparametric Automated Regression Kriging Interpolation
and Adaptive Sampling) with a segmented-flow microfluidic reac-
tor.""* The setup intelligently mapped a 3D parameter space to
tune metal composition and achieve target emission character-
istics of complex perovskite nanocrystal compositions in far fewer
iterations than an exhaustive parametric screening. Similarly, Tao
et al. developed a self-driving microfluidic-machine learning
(MFML) platform employing the Gryffin algorithm to optimize
gold nanoparticle synthesis.*® By systematically varying concen-
trations, pH, and reaction time and analyzing spectroscopic
feedback, the system rapidly identified optimal conditions
(Figure 5a-c). In addition to using the Gryffin algorithm for exper-
imental planning, the authors employed supervised learning
models, including random forest and support vector regres-
sion,"'® to predict spectroscopic characteristics of target gold
nanoparticles. The approach not only accelerated synthesis but

Chemistry—Methods 2025, 00, €202500069 (9 of 22)

also offered better interpretability, revealing how different reac-
tion parameters influence nanoparticle properties and demon-
strating capabilities of CMFs-ML synergy.

Autonomous, ML-driven microfluidic platforms, such as the
‘Artificial Chemist’, leverage iterative experimentation and neural
network optimization to synthesize bespoke perovskite QDs with
high precision and minimal material use (Figure 5d-f).""”
Leveraging adaptive sampling and decision-making algorithms,
the platform optimized key optoelectronic properties of
QDs, including photoluminescence quantum yield, emission line-
width, and peak emission energy, achieving high precision
synthesis with minimal material consumption. A neural net-
work-based Bayesian optimization algorithm was implemented,
outperforming traditional Gaussian processes''®''? in navigating
the halide exchange reaction space of CsPbBr; QDs.

Droplet-based microfluidics combined with ML algorithms is
transforming the synthesis and analysis of microcapsules and
microparticles, where machine learning models are increasingly
employed to predict and control key physical characteristics such
as droplet size and particle morphology.'**"'* For instance,
Damiati and coworkers generated micron-sized poly (D, L-lactide-
co-glycolide) (PLGA) droplets which resulted in PLGA micropar-
ticles upon solvent evaporation.'?® To predict droplet and particle
sizes across various microfluidic devices, the team developed five
ANNs each tailored to a specific microfluidic chip, which were
subsequently merged into a unified model. This consolidated
ANN streamlined the synthesis workflows, offering cross-platform
size prediction and significantly accelerating the optimization
process (Figure 6a-d). Similarly, Lin et al. introduced a hybrid
ML approach combining a deep convolutional neural network
(DCNN) with a long short-term memory (LSTM) network to assess
the mechanical properties of microcapsules based on their defor-
mation in branched microfluidic channels."?? This method
allowed real-time, high-throughput characterization of thousands
of microcapsules per second, outperforming conventional analy-
sis techniques and highlighting the potential for rapid, auto-
mated quality control in microfluidic experiments. In the
context of pharmaceutical formulations, Su et al. demonstrated
how integrating droplet microfluidics with deep learning can
streamline the screening and characterization of crystallization
conditions for active pharmaceutical ingredients (Figure 6e-h).['?¥
Leveraging the rapid screening capabilities and minimal sample
requirements of droplet microfluidics, features especially valuable
in early-stage drug development, the authors used hydrogel
droplets to grow indomethacin crystals of varying morphologies
(e.g., rod, sheet, and wire). Finally, a deep neural network was
trained on microscopy data to automate crystal morphology clas-
sification, significantly accelerating the screening process and
reducing manual analysis times.

Optimizing chemical reactions is a complex task that involves
identifying the optimal reagent ratios and reaction conditions to
achieve specific outcomes, such as improved yields, faster reac-
tion rates, or precise particle size distributions, all in the least
number of steps. Conventional optimization techniques, includ-
ing one-variable-at-a-time (OVAT) and design of experiments
(DoE), though widely used, often suffer from inefficiencies
and inconsistent identification of optimal conditions.['2>72¢!
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Figure 5. Precision synthesis of inorganic nanoparticles (NPs). a) Closed-loop workflow of the self-driving microfluidic-machine learning (MFML) platform for
NP synthesis and b) 2D and c) 3D schematic of the MFML platform consisting of (1) reagent solutions, (2) dispenser pump, (3) oscillator pump, (4) oscil-
latory MF flow reactor, (5) flow cell, (6) light source, (7) spectrometer, (8) waste container, and (9) sample collection outlet. (a—c) Reproduced with permis-
sion.*® Copyright 2021, Wiley-VCH. d) Modular microfluidic platform for autonomous QD synthesis with in-situ absorbance and photoluminescence
detection, e) process flow diagram of Artificial Chemist’s operation, and f) transmission electron microscopy images of the synthesized quantum dots over-
layed with X-ray diffraction spectra of the purified halide-exchanged QDs. (d-f) Reproduced with permission."'” Copyright 2020, Wiley-VCH.

Microfluidic systems, with their enhanced fluid control, improved
thermal and mass transfer, rapid reaction kinetics, and reduced
reagent consumption, offer significant advantages in this context.
When combined with ML algorithms, these features enable more
efficient navigation of multidimensional reaction spaces, reduc-
ing optimization time and improving accuracy.

To this end, Zhou et al. introduced the deep reaction opti-
mizer (DRO), an RL-based framework that interacts with the
experimental environment to suggest optimal reaction condi-
tions." Using micron-sized droplets as chemical containers,
DRO was applied to optimize four organic synthesis reactions,
outperforming traditional black-box models such as OVAT and
covariance matrix adaptation evolution strategy (CMA-ES) in yield
maximization.['*'?”) The system completed reaction optimization
in under 30 min, leveraging both fast reaction kinetics and effi-
cient decision-making algorithms. Impressively, DRO was able to
generalize across different reaction types, reducing the number
of iterations needed to optimize a new system. In a complemen-
tary effort, Rizkin and coworkers designed a continuous-flow
microfluidic platform integrated with automated design of
experiments, fluid handling, and analytics to study the kinetics
of a zirconocene polymerization catalyst"* By coupling the
setup with ANNs and Latin hypercube sampling, a statistical
method to explore multidimensional parameter spaces, they
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constructed a high-resolution map of the reaction landscape, sur-
passing capabilities of conventional experimental strategies. The
approach offered a holistic optimization framework, factoring in
catalytic productivity, energy efficiency, environmental impact,
and cost, while simultaneously minimizing chemical waste and
accelerating the discovery of optimal reaction pathways.

4.2. Biological Applications

Microfluidics has been pivotal in advancing biological research,
with early applications dating back to the development of minia-
turized gas chromatographs'?® and microfabricated capillary
electrophoresis systems.'3® The ability to manipulate complex
microflows in a combinatorial manner has since enabled a
broad range of biological applications, from cellular classifica-
tion®”131132 and sorting**7'**! to bioassay development,['36137)
genomic analysis,*®?®*°? drug screening,***'*® and organ-on-
chip platforms.'3*'%? When combined with ML'’s ability to pro-
cess high-dimensional data and extract meaningful biological
patterns, microfluidic platforms become even more powerful,
enabling faster, more reliable, and information-rich biological
experimentation. In this section, we highlight key areas where
this synergy is driving significant progress.
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Figure 6. Synthesis of microparticles and morphology-controlled crystal growth and characterization. a) Schematic of the generation of monodisperse
PLGA droplets using a single microfluidic device in single emulsion format, b) parallel generation using seven microfluidic devices, c) generation in multiple
emulsion format, d) description of one of the ANN models employed to predict particle and droplet size from experimental data. AP: aqueous phase, FR:
flow rate. (a-d) Reproduced with permission."®! Copyright 2020, Springer Nature. e) Generation of hydrogel droplets with controlled ratio of solvent and
anti-solvent, f) classification of the drug crystal morphologies by a deep learning algorithm, g) ternary phase diagram of the crystallization conditions and
the obtained crystal morphologies depending on the API concentration and the ratio of solvent and antisolvent, and h) API rod crystals collected from a
scale-up preparation according to the conditions identified in the ternary phase diagram. (e-h) Reproduced with permission.'** Copyright 2020, The Royal

Society of Chemistry.

A prominent example of this synergy is in flow cytometry, the
gold standard technique in hematological diagnostics due to its
ability to analyze large populations of cells and detect multiple
molecular markers simultaneously. Traditional flow cytometry,
however, lacks spatial resolution, as it only captures the intensity
of cellular labels without spatial distribution information. Imaging
flow cytometry (IFC) addresses this limitation by integrating the
high throughput nature of flow cytometry with the spatial reso-
lution of optical microscopy."**'* This circumvents, for example,

Chemistry—Methods 2025, 00, €202500069 (11 of 22)

the challenges involved in defining molecular diagnostic markers
and enhances morphology-based diagnosis of blood diseases
through an automated procedure.'*! Machine learning algo-
rithms, particularly CNNs, have significantly enhanced the analy-
sis and interpretation of IFC data. Unlike classical image analysis
methods that extract predefined features, CNNs learn to identify
complex phenotypes by integrating multiple morphological and
intensity features directly from image data, often detecting pat-
terns invisible to the human eye."**'*”] By combining features
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such as object area, object perimeter, pixel intensity, object
shape, and granularity, CNNs can recognize more complex phe-
notypes based on specific combinations of morphological traits.
Recent advancements in computer vision approaches have
enabled the automated annotation of cell types from single-cell
images acquired in IFC experiments.'*® Increasingly, these
approaches have led to the development of “intelligent”
image-based sorting systems. For instance, weakly supervised
deep learning models such as iCellCnhn have been used to diag-
nose diseases such as Sézary syndrome (a type of cutaneous T-
cell lymphoma) with high accuracy, outperforming strongly
supervised models,"*®" and also demonstrating the potential to
track disease progression for advanced-stage patients.

A key challenge in intelligent image-based cell sorting is bal-
ancing the large size and complexity of image data with process-
ing speed, which directly impacts throughput. Recent advances
have led to the development of two notable systems capable of
high-speed, single-cell sorting based on imaging characteristics.
One system utilizes a real-time image-guided sorting using
spatial-temporal transformation and ML for classification,!"*¥
while the other employs a deep CNN-assisted microfluidic sorting
platform that operates at a throughput of approximately 2000
events per second.™ The latter integrates high-throughput sorting
with frequency-division, multiplexed microscopy and operates on
a high-speed 10-Gbps architecture enabling the real-time capture
and classification of fluorescence-labeled images, as exemplified
in the sorting of microalgal and blood cells. These technologies
represent significant milestones, as they enable sorting based on
imaging features rather than just fluorescence intensity, linking
cell phenotype to genotype and advancing both biological
research and medical diagnostics.

Within droplet-based microfluidics, the integration of image-
based single-cell sorting is especially promising for applications
requiring both cell enrichment and single-cell encapsulation.”'>"
Importantly, ML-based image recognition can expand the
breadth of sorting criteria beyond the simple distinction such
as “empty” versus “cell-containing” droplets, to include morpho-
logical and functional traits. In this regard, Sesen et al. introduced
an ML-enhanced image-based droplet sorting platform that clas-
sifies encapsulated single cells by morphology and selectively
sorts those with desired traits. Unfortunately, the platform’s
throughput was limited to 4Hz3* a constraint that can be
addressed by employing advanced CNNs integrated with opto-
mechanical imaging methods.>" In another study, Anagnostidis
and coworkers improved the throughput to 40 Hz using deep
neural networks for real-time droplet classification and sorting
(Figure 7a-d)""°" and later adopted a deep learning object detec-
tor called YOLOv4-tiny (YOLO, for you only look once) to simul-
taneously identify single cells, single beads, and cell aggregates
within droplets, achieving a throughput of up to 111 Hz in real
time.l'*? Using a closed feedback loop, they were able to control
the loading of polyacrylamide beads inside droplets and finally
demonstrated the combinatorial sorting of droplets coencapsu-
lating both a single-cell and a single-bead. While imaging-based
droplet sorting currently offers significantly lower throughput
than traditional FACS (fluorescence activated cell sorting), it pro-
vides unique advantages, such as the ability to sort based on
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morphological features and capturing spatially resolved data that
is typically lost in single-point intensity measurements.

Beyond high-throughput classification and sorting, ML is
being increasingly applied to the in-depth analysis of droplet con-
tents, especially in single-cell assays and studies of cell-cell inter-
actions. Soldati et al. demonstrated a CNN-based framework to
classify droplet images as “empty,” “single-cell,” or “debris,” esti-
mating extracellular acidification by measuring droplet and cell
volumes, and predicting CD45 expression in white blood cells.!">*
Similarly, Sarkar et al. developed an ML-based readout for a
microfluidic droplet array to the interactions between natural
killer (NK) cells and cancer cells—a key parameter for optimizing
immunotherapeutic efficacy (Figure 7e-g)."**¥ Their approach
leveraged single-cell formats to capture the heterogeneous
nature of lymphocyte-target cell interactions. However, given
the vast and complex datasets generated by high-throughput
time-lapse imaging, they designed a DL model to analyze
NK-target cell interactions within picoliter droplets. Their
approach involved tracking conjugation duration between NK
cells and targets, their interaction frequency, and cell death, using
calcein AM fluorescence loss as a death marker. Following prepro-
cessing, a CNN was trained to detect immune cell-target cell inter-
actions and classify target cells as alive or dead. This integration of
droplet microfluidics and ML thus enables precise, scalable anal-
ysis of immune activity against diverse cancer cell types.

ML has also significantly advanced the capabilities of organ-on-
a-chip (0oC) technology, pushing the field beyond the limitations
of traditional in vitro models. These models, particularly 2D mono-
layers, fail to replicate the complexity of in vivo microenviron-
ments, where extracellular matrix interactions regulate cellular
functions. While 3D cultures better preserve native cell behavior,
they lack standardization and precise control over physiological
stimuli.’>>! OoC platforms overcome these limitations by leverag-
ing microfluidic technology to provide a biomimetic microenviron-
ment that enables systematic investigation of organ-specific
functions under dynamic conditions, including responses to shear
stress, mechanical forces, and biochemical gradients.*"* ML tools
further enhance OoC platforms by automating device operation
and improving the analysis of complex, high-content imaging data
such as segmentation, classification, and feature detection.!'*®
Synergistic applications of ML in OoC platforms include automated
evaluation of drug response,"*? real-time cell tracking,"*? extrac-
tion of quantitative biomarkers from live-cell imaging,"*” and pre-
dicting modeling of cellular responses to external stimuli.l'>®

A powerful application of OoC models lies in their ability to
simulate the mechanical and dynamic responses of organ-specific
cells to uncover pathological dysfunctions, particularly in mechan-
ically active tissues such as the lung and heart. Seminal work by
Huh et al. demonstrated the utility of lung-on-chip systems in
modeling pulmonary injury via liquid-plug dynamics™* and
assessing alveolar cell responses to nanoparticle exposure,*?
establishing these platforms as cost-effective alternatives for pre-
clinical drug screening. Vascularized microphysiological systems
(VMPS) represent another significant advancement. These systems
closely mimic the structure and function of organ-specific tissues,
making them highly valuable for drug screening and predicting
patient-specific therapeutic outcomes.'®*'®" |n this context,
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Tronolone et al. developed a microfluidic platform that enabled
the self-assembly of perfusable vascular networks within a hydro-
gel matrix, effectively mimicking the in vivo capillary beds."5? Due
to the high computational cost of analyzing high-dimensional mor-
phological data with the in silico developed AngioMT software, the
authors employed ML models to predict oxygen transport effi-
ciency from high-dimensional morphological data of vascular net-
works, outperforming traditional methods (Figure 8a-f). This
approach accelerates the interpretation of complex datasets, facil-
itating the development of more reliable and biologically relevant
OoC platforms.

Advanced microscopy combined with ML-driven analysis has
also enabled real-time tracking of complex cell behaviors. For
instance, Parlato et al. employed unsupervised learning to quantify
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dendritic cell migration in tumor microenvironments, demonstrat-
ing how ML can extract subtle patterns from high-content imaging
data.'®¥ Building upon this, Mencattini et al. introduced a deep
learning-based framework called “Deep Tracking” which trans-
forms single-cell motility trajectories, collected from time-lapse
imaging of OoC platforms, into visual atlases (collection of images)
analyzed by a pretrained CNN model, AlexNet (Figure 8g-i).'*?
Applying this method to two biological scenarios, immune cell
motility in vicinity of breast cancer cells and movement of prostate
cancer cells, they achieved classification accuracy of 91.5% and
92% respectively for distinguishing drug-treated versus untreated
conditions. Their study shows that deep learning can robustly
decode complex motility patterns, providing a scalable and auto-
mated strategy for functional evaluation in OoC systems. While
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real-time control and monitoring in mechanically active OoC plat-  4.3. Microfluidic System Design
forms are still in their early stages, deep learning is already enhanc-
ing feature extraction, image analysis, and data interpretation. As

OoC models continue to evolve, the integration of ML will be cen-

The effectiveness of CMFs in chemistry and biology fundamen-
tally depends on optimal device design, which requires the ability

tral to scaling up toward multiorgan “human-on-a-chip” platforms,
ultimately advancing personalized medicine and accelerating drug
development.['5416°]
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to accurately predict flow dynamics and fluid patterns for specific
applications. While laminar flows typically used in microfluidics
provide precise fluidic control, the overall design, fabrication,
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and operation of devices remains complex, particularly for non-
linear, multiphase flows (such as droplet-based systems) or setups
integrating active components like valves, pumps, and mixers.['®
These complexities, combined with the inherently multi-modal
nature of the design space where multiple geometric configura-
tions can yield similar flow profiles, make empirical trial-and-error
approaches impractical for large-scale adoption. To overcome
these challenges, automated and intelligent design with ML mod-
els, such as deep learning algorithms and neural networks, can
help constrain the design space and predict configurations that
meet specific flow requirements.681%”!

ML-driven optimization not only accelerates the iterative
“design-test-modify” cycle but also improves convergence on
optimal architectures for both continuous and segmented flow.
A prime example is the use of ML in flow sculpting, where specific
micropillar arrangements within a microchannel dictate the out-
let fluid shape.l'® Each pillar induces a localized deformation,
and the cumulative effect of the sequence creates complex,
user-defined cross-sectional flow profiles. By mapping these rela-
tionships, a library of known sequence-flow patterns can be gen-
erated. This then serves as training data for ML algorithms to
predict sculpted flow shapes for a given pillar configuration.
Stockestein and coworkers pioneered this concept by combining
flow sculpting with a genetic algorithm-guided approach.'®”
Using a custom lightweight software package called uflow, they
transitioned from simple sequences (1-3 pillars) to more complex
architectures. They optimized eight microfluidic workflows,
including splitting, encapsulation, and stretching, and demon-
strated strong agreement between simulations and fabricated
devices. The study highlighted the use of this strategy in several
applications, such as 3D-shaped particle formation,!'”® fabrication
of polymeric fibers,!"”" and controlling cell/particle behavior in a
fluid streams.'”?' Despite its success, genetic algorithm-based
optimization suffers from stochastic variability and long compu-
tation times. To address these limitations, recent studies have
introduced a deep learning framework incorporating intelligent
sampling and dimensionality reduction, enabling efficient explo-
ration of vast combinatorial design spaces (=32 billion pillar
sequences) and accurate prediction of optimal configurations
for complex flow shapes (Figure 9).'73! The potential of this
approach goes beyond flow sculpting in tackling other complex
inverse design problems across different scientific domains.'”#

Microfluidic systems often require the user to define the initial
conditions (e.g., reagent concentrations or inlet/outlet pressure)
and flow parameters to maintain stable operation, largely due to
device-to-device variations from fabrication and unforeseen dis-
turbances such as channel fouling or noise in sensor signals.
These factors can disrupt flow and necessitate manual interven-
tion, limiting the consistency and autonomy of long-term experi-
ments. To address such situations, Dressler et al. implemented
two different RL algorithms, based on neural networks (Deep
Q-Network)'"”®! and episodic memory (Model-Free Episodic
Controller (MFEC) algorithm),"”® to autonomously control micro-
fluidic flows.""® These RL agents were trained to solve two tasks:
interface positioning in continuous laminar flow and droplet size
modulation in segmented flow. Through reward-based feedback
from real-time bright-field images, both RL agents outperformed
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trained human operators in maintaining optimal flow conditions.
Notably, the MFEC model achieved rapid convergence for droplet
size control, requiring only a few minutes of training, highlighting
RL's potential to enhance autonomy and reliability in microfluidic
experimentation.

Targeted generation and classification of droplets is a com-
plex phenomenon dependent upon channel geometry and inter-
facial flow dynamics, making the task well-suited for ML-guided
optimization. For instance, droplet stability is crucial in
segmented-flow biochemical assays, where maintaining an iso-
lated and controlled environment is essential for accurate and
reliable results. To address this, Khor et al. applied a convolutional
autoencoder model to analyze local stresses experienced by
droplets within concentrated emulsions, using bright-field
images to identify an 8-dimensional shape descriptor able to cap-
ture diverse droplet morphologies."””! This descriptor was able to
predict droplet breakup when passing through constrictions,
revealing key influencing factors such as droplet generation con-
ditions, throat size, and surface curvature.

Considering advanced ML algorithms, deep learning is one
approach that excels at extracting features from images, making
it particularly effective for tracking droplets and their encapsu-
lated particles. In this context, Durve et al. developed a
deep learning tool trained on synthetic datasets that tracks
droplet trajectories at 400 frames per second, demonstrating
strong generalization to real experimental data.’”® Similarly,
Hadikhani et al. developed a DNN-enabled droplet microfluidic
platform to estimate fluidic parameters such as flow rate and
component concentration from optical images of water-alcohol
droplets."”? Their workflow predicted dynamic flow changes
and regime transitions in real time without the integration of
bulky sensors, ultimately simplifying microfluidic chip design
and fabrication.

ML has also been applied to evaluate and sort dynamic
behaviors within droplets. In one study, DNNs were trained to
detect and quantify mixing in merged droplet pairs, classifying
them into low, intermediate, or high mixing categories. The
authors deployed two CNN architectures, a lightweight real-time
object detection network from the YOLO series™ and a
Singleshot Multibox Detector (SSD),/'®" to analyze large image
datasets and evaluate mixing patterns, providing insights into
droplet coalescence based on distinct features. ML-integrated
optical monitoring can also be used to improve performance
metrics in microfluidic platforms, as demonstrated through the
real-time classification and sorting of microcapsules. For instance,
Chu et al. designed an automated classification and sorting sys-
tem for double emulsion droplets using CNN analysis of real-time
images.!'®? By identifying droplets in the desirable dripping state,
the system triggered a valve-based sorter to collect monodis-
perse microcapsules during active production. Such integration
of ML for real-time classification and actuation underscores the
growing capabilities of CMFs as autonomous analytical and syn-
thetic tools. These advances collectively demonstrate that rein-
forcement learning and other ML techniques can significantly
reduce the need for manual intervention in microfluidic experi-
ments, enabling continuous, adaptive, and high-precision opera-
tion even in the face of unpredictable disturbances.
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Beyond image-based classification and control, machine
learning and algorithmic frameworks have been increasingly
applied to the a priori design of microfluidic devices. A key exam-
ple is DAFD (Design Automation of Fluid Dynamics), a web-based
design tool developed by Lashkaripour and coworkers that auto-
mates the design and performance prediction of flow-focusing
droplet generators (Figure 10).°® DAFD leverages neural network
models trained on extensive experimental datasets, including 888
data points from 43 devices spanning different dripping and jet-
ting regimes, to accurately predict droplet diameter and genera-
tion rate with mean absolute percentage errors (MAPE) below
4.2% and 11.5%, respectively. Importantly, DAFD maintains high
predictive fidelity even for previously unseen flow conditions and
achieves 100% accuracy in classifying droplet generation
regimes, significantly reducing the need for iterative design
and specialized microfluidic expertise.

Finally, it is also important to mention advancements in
computer-aided design (CAD) of microfluidic devices that facili-
tate the transition from conceptual microfluidic designs to
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actual devices by integrating description languages and optimi-
zation algorithms. As operations grow more complex, such as in
fully programmable valve arrays (FPVAs),l'® the density of
valves controlling fluidic manipulations increases at rates sur-
passing Moore’s law."® CAD tools systematically incorporate
design heuristics, physical constraints, and numerical models
to automate design and reduce manual effort for complex archi-
tectures. For instance, Amin and coworkers introduced the
microfluidic instruction set architecture (ISA), a hardware
description language that allows designers to specify fluidic
operations logically, such as parallel or sequential flows, which
are then translated into optimized device layouts.""® Tools such
as Fluigil'® facilitate the optimization of multilevel genetic
circuits, while Columba®” allows co-optimization of flow and
control layers in multilayered devices. Additionally, platforms
such as 3DuF!'® offer integrated libraries of parameterized
components and support standardized interchange formats,
enhancing design sharing and reproducibility. Collectively,
these advancements in ML-driven prediction and CAD-based
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automation are transforming the microfluidic design landscape,
reducing number of steps in the design cycle, improving repro-
ducibility, and enhancing functionality, testability and scalability
in microfluidic operations across diverse domains.

5. Challenges and Perspective

The integration of combinatorial microfluidics with machine
learning holds transformative potential for chemistry and biol-
ogy, enabling precise, automated manipulation of fluids and
obtaining data-driven insights from complex, multi-dimensional
experiments. However, realizing the full promise of this synergy
is far from straightforward and faces several significant
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challenges related to hardware scalability, design standardiza-
tion, data quality, black-box optimization, and interoperability
(Figure 11).

One of the biggest hurdles from a hardware perspective is the
complexity and scalability of the external control systems
required to operate dense and large-scale valve systems.
These multiplexed architectures often demand individual control
lines for each valve or pump, leading to cumbersome and intri-
cate setups that are difficult to scale for high-throughput appli-
cations. While emerging solutions, such as serial instruction
schemes (e.g., frequency-based or latching valves) and embed-
ded systems (e.g., self-regulating fluidic circuits) can reduce
the number of external connections required, these approaches
are likely to compromise operational flexibility.!'®”
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Figure 11. Challenges and solutions. Schematic representation of key challenges at the interface of combinatorial microfluidic systems and machine learn-
ing and potential solution domains. The diagram maps major obstacles—such as data quality, black-box optimization, hardware limitations, lack of stan-
dardized tools, and interoperability—arising from CMFs, ML, or both, to three solution domains: data and models, fluidic CAD tools and programmable
microfluidics, and infrastructure and protocols (I&P). The thickness of connecting lines reflects a qualitative assessment of each field’s relative contribution
to a given challenge based on literature survey (Web of Science), emphasizing conceptual weight rather than quantitative metrics.

Another promising approach is using digital microfluidic
(DMF)-based devices, which use electrowetting to manipulate
droplets on a 2D electrode array. This replaces the use of micro-
valves and micropumps as is the case in first generation
microfluidic biochips. DMF offers programmability akin to elec-
tronics, enabling dynamic reconfiguration of fluidic pathways.
However, persistent issues such as droplet evaporation, cross-
contamination, and electrode degradation remain barriers to
its widespread adoption and underscore the need for a more
robust framework for programmable fluidic design. This pursuit
is currently constrained by the lack of mature, dedicated CAD
tools tailored to the unique requirements of microfluidic device
design. Unlike electronics, where tools like SPICE"®® can abstract
transistor behavior into predictable models for modular circuit
design, microfluidics lacks an equivalent “circuit designer’s tool-
kit”. As a result, most complex microfluidic systems are still assem-
bled through a bottom-up approach, requiring significant manual
effort to engineer, test, and integrate individual modules (e.g.,
mixers, valves, or storage reservoirs) into a complete, functional
system."®"! This process is exhausting and becomes a bottleneck
as designs scale up and the need for rapid prototyping and
deployment increases.

While early efforts such as BioStream,!"? a programming lan-
guage for fluidic operations, and AquaCore,!"*® a microfluidic
instruction set architecture inspired by MEMS design, represent
promising steps toward designing programmable microfluidic
operations, these platforms are still in their infancy and lack
the seamless modular integration found in electronic CAD

environments. The field still awaits standardized “Lego block”
libraries and high-level abstraction layers that would allow
designers to rapidly assemble and optimize multicomponent
microfluidic systems. Widespread development and adoption
of precharacterized modules for mixing, droplet generation,
and storage could significantly streamline the design process,
much like standardized logic gates transformed electronic circuit
design.

The machine learning side of integrated ML-microfluidic sys-
tems faces several significant and nontrivial challenges, primarily
related to scalability, data quality, and generalizability. Traditional
ML models in science are primarily performance-oriented, using
relatively structured (labeled) and limited datasets for tasks like
classification or regression.®” However, as microfluidic applica-
tions scale, as in materials discovery or molecular design, the
computational burden rises steeply. Deep neural networks excel
at modeling complex relationships, but as their architectures
grow deeper (more hidden layers) and more parameter-rich, they
demand significant training time and energy. For example, the
continuously expanding GDB database, developed to assist de
novo drug design,!"** contains 166 billion synthetically accessible
drug-like molecule; training a model on the GDB-17 database
is computationally prohibitive for most research labs, even
with access to supercomputers.'” However, such computa-
tional infrastructure is neither widely available or cost-effective
for most research environments, especially when scaling further
to chemical species with 40-50 atoms. This scalability bottle-
neck necessitates the adoption of ML strategies that reduce
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computational demands, such as model compression techniques
(e.g., knowledge distillation),!"*® efficient architectures like graph
neural networks (GNNs),"®”" and transfer learning approaches
that repurpose pretrained models for new tasks with lower
computational cost and minimal loss in performance.l'*®

Beyond scalability, data quality remains a fundamental con-
cern. ML models are highly sensitive to the quality and consis-
tency of training data. In microfluidic platforms, data is often
sourced from high-throughput imaging or sensor measurements,
which may be noisy, redundant, or poorly annotated. In addition,
variability in experimental protocols such as flow rates, shear con-
ditions, and sensor calibration can introduce systematic biases
that render models ineffective when applied to data from differ-
ent instruments or labs.®® For instance, manual annotation of
>100,000 single-cell images per experiment in IFC remains pro-
hibitively labor-intensive, despite recent advances in automated
labeling algorithms."*?" Weakly supervised approaches, such
as iCellCnn, have been used to reduce this burden by using
specimen-level labels instead of single-cell annotations. The
high-dimensionality and nonlinearity of cytometry data further
complicate model performance. Conventional models such as
logistic regression struggle with these challenges, while neural
networks, though powerful for image analysis, are limited from
the lack of interpretability. This “black-box” nature becomes espe-
cially concerning in settings like drug discovery or clinical diag-
nostics, where understanding how a model arrives at its
predictions is essential for trust and adoption.l*”

Translating automated microfluidic innovations into commer-
cial settings introduces additional complexity. Early successes,
such as the Agilent 2100 Bioanalyzer for DNA and protein elec-
trophoresis,2°>*°" Bio-Rad’s Droplet Digital PCR (ddPCR) system
for precise nucleic acid quantification,®®? and NuGEN's
Mondrian digital microfluidics system for automating library
preparation,?°? demonstrate how integrating microfluidics with
automation can reshape laboratory workflows. However, most
academic automation platforms remain bespoke, with custom
hardware-software integrations that resist scalability or reuse.
To advance, the next generation of lab-on-chip platforms must
accommodate a wide-range of assays, support ML-driven optimi-
zation, and work reliably across different instruments, users, and
environments. Just as important is the underlying informatics
infrastructure, ontologies, metadata standards, and transparent
protocol management, which is essential for reproducibility at
scale.”®V Without this, even the most elegant automation can fall
short in commercial settings.

Addressing these challenges demands a comprehensive,
interdisciplinary framework. Communication standards such as
SiLA 2 (Standardization in Laboratory Automation) can help sim-
plify instrument integration by providing a common operational
language, eliminating the need for custom drivers or software 2%
When combined with open data standards such as AnIML
(Analytical Information Markup Language), this enables true inter-
operability, machine readability, and reproducibility; features that
are essential for real-time ML integration and cloud-driven exper-
imental control.?°>?%! Together, SiLA and AnIML can underpin
the development of flexible, modular, and auditable automa-
tion infrastructures. Global biofoundries®® and centralized
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cloud-based infrastructures (like Emerald Cloud Lab or
Strateos)?” are already leveraging these principles to streamline
high-throughput experimentation through centralized control,
standardized protocols, and accessible automation. These frame-
works lower the barrier for deploying ML-integrated microfluidic
workflows at scale.

Looking forward, generative Al tools, such as diffusion models,
can create synthetic cell images or simulate microfluidic flow fields
to fill gaps in datasets and improve model performance.
Furthermore, using explainable Al (XAl) (e.g. attention maps
and saliency methods) can allow the researcher to know what
operations go on behind the scene, increasing accuracy in
the detection of false positives in clinical applications. 2082
Ultimately, widespread adoption and commercialization of ML-
integrated microfluidics will depend on balancing flexibility with
standardization, fostering collaboration among engineers, biolo-
gists, and data scientists, and establishing rigorous validation pro-
tocols that include testing with end-users in real-world settings.>'”

6. Concluding Remarks

The synergy between CMFs and ML offers significant promise
across various fields, including material synthesis, reaction optimi-
zation, biological assays, and enhanced microfluidic device design.
By leveraging the strengths of both technologies, precise fluid
manipulation and high-throughput experimentation with CMFs
and powerful data analysis and prediction using ML, researchers
are creating intelligent, automated systems capable of real-time
optimization, high-throughput screening, and adaptive experi-
mental workflows. Despite this promise, several challenges remain.
Hardware scalability, the need for consistent and high-quality data,
and the lack of standardized design tools continue to limit wide-
spread adoption. Like an orchestra where every instrument must
be in sync, integrating CMFs and ML requires thoughtful coordi-
nation across hardware, software, experimental design, and data
infrastructure. This is especially critical as applications grow in
complexity and move toward commercial and clinical settings,
where reliability and regulatory compliance become paramount.
Progress is being made through interdisciplinary collaboration,
development of robust data pipelines, federated learning frame-
works, and community-driven design tools. By addressing current
limitations head on, the community can unlock the full potential of
the CMFs-ML synergy, transforming healthcare, chemical research,
and industrial processes for the future.
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